In previous research (Reed, Squire, Patalano, Smith, & Jonides, 1999), amnesic patients performed at near normal levels in a categorization task involving stimuli with discrete features, but showed impaired recall of the features. These results were taken as evidence of the existence of separate memory systems for categorization and recalVrecognition. The present research addresses a single-system account of this dissociation. In Experiment 1, results closely matching the dissociation pattern were obtained when normal participants' classification and recognition performance was tested either immediately or after a week delay. In addition, formal modeling of the data suggested that participants use only a few of the dimensions in the categorization task, whereas they must use many dimensions in the cued-recall task. In Experiment 2, we found that many participants could perform the categorization task without any exposure to the training sequence. These results suggest that different memory demands across the two tasks may be responsible for the observed dissociation-separate memory systems are not necessarily involved.
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In previous research (Reed, Squire, Patalano, Smith, & Jonides, 1999) , amnesic patients performed at near normal levels in a categorization task involving stimuli with discrete features, but showed impaired recall of the features. These results were taken as evidence of the existence of separate memory systems for categorization and recalVrecognition. The present research addresses a single-system account of this dissociation. In Experiment 1, results closely matching the dissociation pattern were obtained when normal participants' classification and recognition performance was tested either immediately or after a week delay. In addition, formal modeling of the data suggested that participants use only a few of the dimensions in the categorization task, whereas they must use many dimensions in the cued-recall task. In Experiment 2, we found that many participants could perform the categorization task without any exposure to the training sequence. These results suggest that different memory demands across the two tasks may be responsible for the observed dissociation-separate memory systems are not necessarily involved.
Research in cognitive neuroscience has recently brought to the forefront an intriguing dissociation between performance on categorization tasks and explicit memory tasks (Knowlton & Squire, 1993; Knowlton, Squire, & Gluck, 1994; Reber & Squire, 1999; Squire & Knowlton, 1995) . Amnesic patients are shown to perform at near normal levels in categorization tasks, whereas they show a substantial deficit in explicit memory tasks such as recognition and recall. This dissociation in performance is interpreted as evidence that separate cognitive systems govern recognition/recall and categorization. A declarative memory system, housed in the medial temporal lobe and diencephalic brain structures, is responsible for recognition and recall, whereas a procedural memory system is responsible for more implicit types of memory, including categorical knowledge.
For example, in an influential article, Knowlton and Squire (1993) demonstrated this dissociation using the classic Posner and Keele (1968) dot-pattern paradigm. In the categorization task, participants trained on 40 highlevel distortions of a prototype. Following this study phase, amnesic and control participants were tested on various new items that were generated from the same category prototype. The participants' task was to decide This research was supported by Grant PHS ROI MH48494 from the National Institute of Mental Health. We thank John Jonides and three anonymous reviewers for their helpful criticisms of an earlier version of this article. We also thank John Jonides for suggesting the idea behind Experiment 2 of this article. Correspondence should be addressed to S. Zaki, Department of Psychology, Indiana University, Bloomington, whether each of the new patterns was a member of the previously presented category. In a recognition task, the participants studied five unrelated dot patterns eight times each and were then tested with five new and five old patterns. As one would expect, the amnesics performed substantially worse than controls on the recognition task. The pivotal result,however,was that the amnesics performed at near normal levels in the categorization task. This finding led Knowlton and Squire to argue that categorization and recognition were based on different memory systems. A declarative system that is responsible for recognition is damaged in amnesics, causing their performance decrement in that task, whereas the amnesics' procedural system is intact, thereby accounting for their unimpaired categorization performance.
However, a plausible single system explanation is also consistent with these findings. Following the exemplarbased approach (Medin & Schaffer, 1978; Nosofsky, 1986 Nosofsky, , 1988 Nosofsky, , 1991 , Nosofsky and Zaki (1998) suggested that participants perform both recognition and categorization by comparing the test items to individual exemplars stored in memory. Naturally, the exemplar-based memories of the amnesics are impaired. Such impairment would significantly reduce recognition performance for the amnesics relative to the healthy controls because recognition requires the ability to make finegrained discriminations between old versus new items. By contrast, the impaired memory for the individual items does not have a drastic impact on categorization performance because the categorization task does not require the observer to make fine-grained discriminations between items. Indeed, for purposes of categorization,
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the observer should instead take advantage of whatever similarity exists between the novel transfer items and the old training exemplars. In a nutshell, because of the redundancy of information that is available in the categorization task, impaired memory does not substantially hurt categorization performance, so amnesics perform at near normal levels. Nosofsky and Zaki (1998) provided two forms of evidence to support this single-system interpretation of Knowlton and Squire's (I 993) results. The first involved indirect experimental evidence in the form of an "amnesia simulation." Participants in this experiment were given the Knowlton and Squire recognition or categorization test either immediately after training or after a I-week delay. Delay of the testing session was introduced to test the effect of degrading participants' memory for the training items on categorization and recognition performance. Interestingly, the results of the delayed group were strikingly similar to those exhibited by the amnesic group in that there was a large decline in recognition performance but little decline in categorization performance. Although it is possible to reconcile these results with a multiple-systems account by positing different decay parameters for the declarative and procedural systems, this demonstration supports the plausibility of a single-system model.
More importantly, Nosofsky and Zaki (1998) also demonstrated that a formal exemplar model, the generalized context model (GCM), which incorporated this difference in memory sensitivity across the two groups, provided an excellent quantitative fit to the recognition and categorization data. Therefore, the formal modeling of the data provided converging evidence to support the idea that the categorization task contains more redundant information than the recognition task, and that different task requirements in categorization and recognition may be solely responsible for the observed dissociation. This notion is further supported by Palmeri and Flanery (1999) , who demonstrated that participants could perform the categorization task at normal levels without any exposure to the sequence of training exemplars.
However, in a recent article, Reed, Squire, Patalano, Smith, and Jonides (1999) reported a new set of findings that they argued to be damaging to the singlesystem account of recognition and categorization. In this article, Reed et al. suggested that the dot-pattern paradigm might not be conducive to learning to categorize using a declarative system, because the dot patterns are difficult to memorize as distinct items. Thus, they suggested that a paradigm in which participants studied object-like stimuli that vary on discrete dimensions may be more likely to induce participants to use their declarative system for categorization. Therefore, if categorical knowledge depends on the explicit items in memory, then amnesics should not be able to perform the task at normal levels. According to these authors, a demonstration that amnesics performed well in a categorization task involving such object-like stimuli would provide convincing evidence in favor of the multiplesystems view.
In Reed et al.'s (1999) study, amnesics and matched controls studied cartoon animals that varied on nine binary-valued dimensions. Following this training, the participants were tested on a new set of animals that either belonged to the category or did not. In addition, the participants were given an explicit memory test in which they were asked to recall the two possible values along each of the nine dimensions. As expected, amnesics showed significantly worse performance in the recall of the training items relative to the control group. Interestingly, however, they showed statistically equivalent classification performance. Reed et al. interpreted these results as being challenging to the single-system approach to categorization and recognition.
However, much like in the dot-pattern paradigm used by Knowlton and Squire (1993) , the memory requirements of the two tasks used by Reed et al. (I 999) may be quite different. To illustrate this point, consider Table I , which shows the structure of the type of categorization training stimuli used by Reed et al. An examination of this structure reveals that there is a great deal of redundant information across dimensions in the categorization task, but not the recall task. For example, it turns out that if participants attend to only three of the nine dimensions, and always place a transfer item into the category if it matches the prototype on two of these three dimensions, they can achieve 96% correct on the categorization task. Participants can even do extraordinarily well and classify 87% of the stimuli correctly if they attend to any single one of the nine dimensions.\ Indeed, these performance levels are considerably higher than the accuracy achieved by the participants in the Reed et aI. study, who scored 74% correct in the categorization task. In contrast, participants can perform well in the recall task only to the extent that they retain information from all of the nine dimensions of the stimuli. Perhaps it is this difference in task requirements that allowed both amnesics and controls to perform reasonably well in the categorization task, but caused a difference to emerge in the results of the recall test.
The purpose of this article is to examine a singlesystem account of recognition/recall and categorization with respect to the results of the experiments reported by Reed et al. (1999) . Specifically, the article will test the idea that different task requirements may have allowed the amnesics to perform at normal levels in the categorization task but not in the explicit memory task. Because we do not have access to amnesic participants, our methods, following those of Nosofsky and Zaki (1998) , will involve the use of normal participants only.
EXPERIMENT 1
There were two main goals of this experiment. The first involved a manipulation similar to that used by Nosofsky and Zaki (1998) , designed to test the idea that I.
I
because of the redundancy of information in the categorization task, degraded memory for the training items would lead to a small decline in categorization performance but a large decline in explicit recognition performance. Our categorization task was the same as the one used by Reed et al. (1999) . The stimuli were cartoon animals that varied on nine binary-valued dimensions. Participants trained on low-level distortions of a prototype and were then tested with new items of mixed distortion levels. Some of the items belonged to the previously presented category and some did not. Participants judged which of the items were category members. We substituted a recognition task for the cued-recall task used by Reed et al. to allow for more direct comparison with the categorization results and to allow for possible quantitative modeling of the data. This recognition task was modeled after the one used earlier by Knowlton and Squire (\ 993) . In the study phase, the participants trained on five nonrelated cartoon animals. They were then given a recognition test that contained the five old items and five new randomly generated items. Following the instructions used by Knowlton and Squire, participants judged whether or not each item was exactly the same as one of the items presented during study.
The critical difference between the present experiment and the one described by Reed et al. (1999) was that, for half the participants, the testing session did not always occur immediately, but rather after I-week delay. Although we did not expect to truly simulate amnesia in the participants, the delay manipulation was intended to degrade their memories for the training items. The hypothesis was that delay,just like amnesia, would affect categorization and recognition differentially because of the different memory loads required in these two tasks.
The second goal was to collect a set of data that would allow for testing the GCM. As will be described below, t.
the GCM includes certain parameters that measure the extent to which participants attend to individual dimensions of the objects. The main goal of the present experiment was to determine how many dimensions of the objects participants in this task were actually using for the purpose of categorization. That is, do participants rely on the redundancy of information in the categorization task and focus their attention on only a few dimensions, or do they distribute their attention to most or all of the dimensions, as suggested by Reed et al. (1999) ? If participants are using only a few dimensions in the categorization task, that would imply different memory demands in the categorization and recognition/recall tasks and would therefore provide a potential alternative explanation of the Reed et al. findings.
Method
Participants. A totalof 88 IndianaUniversityundergraduate students participated in the study. Half of these were randomly assigned to the categorization task, and the other half to the recognition task. In addition, participants were randomly assigned to one of two subconditions in which they participated in the test session either immediately after training or following a I-week delay. All participants completed the research in order to fulfill a class requirement. A bonus of $15 was offered to the top 4 performers in the experiment to ensure motivated participants. Data from 2 participants in the categorization task were not used because they pressed only one key during the transfer phase. Stimuli. For the categorization task, the stimuli consisted of 82 cartoon animals similar to those used by Reed et al. (1999) . Figure I gives examples of the stimuli. The stimuli differed from each other along nine binary-valued dimensions. The dimensions were head type, face shape, head ornaments, neck curvature, body shape, body markings, tail shape, leg length, and foot shape. For the categorization task, the prototype used by Reed et al. was constructed and 20 unique study items were generated from this prototype. The study items were low distortions; that is, they differed from the prototype on one or two features. The transfer test consisted of 12 instances of the prototype, 24 new low distortions (items with seven or eight prototypic features), 24 neutral animals (items with four or five prototypic features), 24 high distortions (items with one or two prototypic features), and 12 instances of the anti prototype (no prototypic features). For half the participants. the direction of distortion was reversed in such a way that the prototype became the antiprototype, the low-level distortions became the high-level distortions, and so forth. The actual structure of the training exemplars used in the categorization task is the one listed in Table I . For the recognition task, the stimuli consisted of 10 items that were a random subset of all possible combinations of the binary values of the nine features. Five of these were reserved for use in training and five were reserved for use as new items in the test.
Procedure.
Participants were trained on either the categorization or recognition stimuli and were given a transfer test either immediately or after a I-week delay. In the categorization training phase, the participants saw two blocks of the 20 low-distortion animals on a computer screen for 5 sec each. They were instructed to simply attend as best they could. Following Reed et al. (1999) , in the transfer test, participants were told that all of the animals that they had seen were members of the category "Peggie." They were instructed that they would see some new animals, half of which would be Peggles and half would not. Their goal was to decide whether a particular animal belonged to the Peggie category. In the transfer instructions, the participants were also told that the animals could vary on nine dimensions, the nine dimensions were listed,2 and the participants were instructed to use as many of these dimensions as possible when making their categorization decisions in order to win one of the bonuses. They were then shown the 96 transfer items, one at a time, and were asked to indicate whether or not each animal belonged to the category. No feedback was provided.
In the recognition task, participants studied the five old items eight times each, with the order of stimuli randomized in each block. Each item was displayedfor 5 sec.Participants receivedthe same training instructions as participants in the categorization group. In the test that followed, participants sawthe five old items aswell as five new items and were askedto indicate whether they thought a particular animal was exactly the sameas one they had previously seen.
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Results
The probability with which participants endorsed the animals as members of the category is shown in Figure 2 . As expected, items that were closer to the prototype had higher endorsement rates in both the immediate and the delayed condition [F(4,160) = 103.97, p < .001]. In addition, there was a significant effect of delay, with participants tending to place more items into the category in the delayed test [F(1,40) The greater tendency of our delayed-condition participants to endorse items into a category was not observed in the amnesic group in Reed et at. (1999) . Undoubtedly, our delayed group differs from the amnesic group in certain critical respects. However, the general pattern ofresuIts that is taken as evidence of separate memory systems in Reed et at. is replicated in this study. That is, our delay manipulation yielded a dissociation between recognition and categorization performance that was similar in form to the dissociation that Reed et at. observed for their normal and amnesic participants. Our interpretation is that because good performance in the old-new recognition task (or in Reed et at.'s cued-recall task) requires retention of information from multiple dimensions, a delay in testing (or an amnesic disorder) is particularly detrimental to performance in such a task. By contrast, because good performance in the categorization task requires retention of information from exceedingly few dimensions, the delay in testing (or an amnesic disorder) has little impact. This line of reasoning is indirect, however, and such an interpretation of the results is not forced. For example, it may be that separate memory systems govern recognition and categorization, and that the categorization system simply shows slower forgetting characteristics than does the recognition system. Therefore, we now turn to the more important goal of this study-namely, the formal modeling of the categorization data to test whether observers do indeed perform the task by focusing on only a small subset of the component dimensions of the stimuli.Ĩ
THEORETICAL ANALYSIS
In this section we describe the details of the GCM and how it was applied to the data. According to the model, people represent categories by storing individual exemplars in memory. Test items act as retrieval cues for the stored exemplars. Specifically, exemplars from alternative categories are retrieved on the basis of how similar they are to the test item or probe. In a process-oriented version of the model (Nosofsky & Palmeri, 1997) , the retrieved exemplars drive a random walk process that ac- .2 -cumulates evidence toward alternative categories. Once sufficient information is retrieved, the observer initiates a response. A crucial assumption in the GCM is that similarities among exemplars are influenced by a selective attention process in which observers differentially weight the individual dimensions that compose the objects. Objects that match along the attended dimensions are judged to be highly similar. The selective attention process is expected to playa crucial role in classification learning situations involving stimuli that vary along discrete, separable dimensions, such as the object-like stimuli used by Reed et al. (1999) .
Formally, according to the model, exemplars are represented as points in a multidimensional space. The present stimuli varied along nine binary-valued separable dimensions. Therefore, the psychological distance between two stimuli is calculated by using the weighted city-block metric,
where xi,mis the value (either 0 or 1) of item i on dimension m, and Wm(0~W~l,r.wm = 1) is the attention weight given to dimension m. A geometric interpretation of the weights is that they "stretch" the space along the attended dimensions and "shrink" the space along the unattended dimensions (Nosofsky, 1986) . The similarity between two stimuli is an exponential decay function of their distance:
There is widespread empirical support for the assumption of an exponential relation between similarity and psychological distance (see Shepard, 1987 , for a review and theoretical analysis). The c parameter in Equation 2 is a sensitivity parameter that reflects the overall discriminability of the items in the psychological space.
In the present single-category situation, the probability that an observer endorses an item as being a member of the category is given by
where Ls(i, peggie) is the summed similarity of item i to all previously presented exemplars from the PeggIe category. The parameter kc is a categorization criterion that represents the bias to endorse items as members of the category. The response-scaling parameter y, introduced by Ashby and Maddox (1993) , describes the extent to which participants use deterministic versus probabilistic response rules. When y= 1, participants respond probabilistically by "matching" to the relative summed similarities of each category, whereas as ygrows greater than 1, participants respond more deterministically. In the random-walk version of the model developed by Nosof-(I) sky and Palmeri (1997) , ycorresponds to the magnitude of the decision criteria in the random-walk process. Intuitively, it represents the amount of exemplar-based evidence that needs to be retrieved before an observer will initiate a response.
For the categorization data, the full version of the GCM has one overall sensitivity parameter, one responsescaling parameter, a criterion parameter, and eight freely varying attention weights (the nine weights are constrained to sum to 1). For simplicity in the modeling, however, we set the response scaling parameter at y= 1.
We fit the model to each individual participant's data separately by using a maximum-likelihood criterion.4 Three sets of starting parameters were used to avoid local minimum problems, and the best fit from these three is the one reported here.
In Table 2 we report the mean observed and predicted categorization probabilities for the various types of stimuli in the immediate and delayed tests. Recall that the model was fitted to each individual participant's data. The predicted values in Table 2 are averages computed across the individual participants' fits. Inspection of Table 2 reveals that the predictions of the exemplar model are very similar to the observed findings. The model captures nicely the prototypicality effect, where items closer to the prototype have a higher endorsement rate. The model also does a good job of fitting the differences between the immediate and delayed conditions for reasons that we describe below.
In Table 3 we report the mean maximum likelihood parameters as well as the summary fits for the full version of the model. Again, the reported mean parameter values are averages computed across each individual participant's best-fitting parameter values. Inspection of the mean parameter values indicates that, averaged across participants, there is little difference in the salience ofthe dimensions. Because particular features had particular (2) ,77 Note--GCM-Full refers to the baseline version of the GCM with one sensitivity parameter, one criterion parameter, and nine attention weight parameters, GCM-3 refers to the version ofthe GCM in which nonzero weights were allowed on only three of the nine dimensions, Note-c, general sensitivity parameter; k, criterion parameter; wm' attention weight given to dimension m; -In L, negative value oflog likelihood; SSE, sum of squared deviations between observed and predicted classification probabilities.
abstract stimulus values associated with them, these dimension weights must be interpreted with caution. However, it is not unusual for a relatively equal salience of dimensions to be reported in studies that utilize cartoon animal stimuli (e.g., Minda & Smith, 200 I) . In addition, the obtained values of the sensitivity parameter were also very similar across the immediate and delayed conditions. The main difference between the parameter values across the two conditions is in the criterion parameter (immediate = 2.98, delayed = 1.42). That is, the model, like participants in the experiment, places more items into the category in the delayed condition. This parameter difference also allows the model to capture the slight decrease in accuracy in the delayed condition.
The key question, however, is how are individual observers distributing their attention across the nine dimensions? Are participants attending to only a subset of the dimensions that compose the objects? To gain some preliminary insight into this issue, we conducted an analysis in which, for each individualparticipant, we rankordered the attention weights from greatest to smallest and then computed the cumulative weight distribution for that participant. In Figure 4 we report the mean cumulative weight distribution averaged across all participants. (The cumulative distributions were essentially the same for the participants from the immediate and delayed groups.) The figure reveals that, on average, the most utilized dimension received about half of a given participant's attention, and that participants distributed over 90% of their attention to the top four utilized dimensions. This analysis provides preliminary evidence that in the present categorization task, participants were focusing attention on a relatively small subset of the dimensions that compose the objects.
To examine individual participants' performance more fully, we fitted various restricted versions of the model to each individual participant's data. In these restricted models, the attention weight parameters were constrained so that nonzero weights were allowed on only one, two, three, or four of the dimensions. For example, for the one-dimension version of the model, we assumed that participants attended to only a single dimension of the nine-dimension objects, and all remaining attention weights were set to zero. For each individual participant, the attended dimensions were assumedt . to be different. That is, given the structure of the category, different participants may have chosen very different dimensions to which to attend with similar degrees of success in the categorization task. Therefore, for each participant, we rank-ordered the dimensions according to the magnitude of weights when the full model was fitted to the data, and entered them into the restricted model according to this ranking. For example, for each participant, a two-dimension weight model was fitted to the data. The two dimensions that entered into the fit for the given participant were those whose weights had the highest magnitude when the full version of the model was fitted to that participant's data.
A one-, two-, three-, and four-dimension weight model was fitted to each participant's data individually, as described above. We then used the method of likelihood ratio testing to determine whether each restricted model fit a participant's data significantly worse than the full version, which allowed all nine attention weights to vary freely.5The results indicated that for 15 of the 42 participants in the categorization task, a model in which participants attended to only one of the nine dimensions fit the data as well as did the full model. For 29 out of the 42 participants, the two-dimension weight model was equivalent in fit to the nine-dimension weight model. For 40 out of the 42 participants, the three-dimension weight model was equivalent in fit, and for all 42 participants, there was no significant improvement in fit from the fourdimension weight model to the nine-dimension weight model.
To illustrate the adequacy, for example, of the threedimension restricted version of the model, we plot in Figure 5 the mean observed category endorsement probabilities for all 72 objects in the categorization test against the endorsement probabilities predicted by the exemplar model. The top panel of Figure 5 shows the results for the full version of the exemplar model, and the bottom panel shows the results from the three-dimension restricted version. Clearly, the version of the model that assumes that participants attended to only three (or potentially fewer) dimensions in performing the task provides an excellent account of the pattern of categorization data. The summary results for the five main types of patterns are shown along with the results from the full model in Table 2 .
At first glance, the results of these model fits appear to be at odds with the results of an analysis performed by Reed et al. (1999) on their data. In their article, Reed et al. raised the point that the averaged pattern of endorsement of the various stimulus types could have emerged if participants based their responses on a single dimension. They dismissed this possibility, however, on the grounds of the following analysis. Reed et al. calculated the endorsement probabilities for the most and least frequently endorsed feature for each participant in their experiment. They argued that participants could not be using a single-feature strategy because, on average, participants endorsed the most frequently endorsed feature with a probability of only .773. In addition, because the least frequently endorsed feature was endorsed (.594) with higher probability than chance, the authors argued that "the participants had learned about the prototypical category in a broad sense by learning something about each of the nine features" (p. 415). A similar analysis conducted on the present data revealed the same pattern, in which the most frequently endorsed feature for each participant was endorsed with a probability well below I (M = .760), and the least endorsed feature was endorsed with a probability greater than . It turns out, however, that the low-dimension versions of the exemplar model, even the single-dimension version, predict this pattern of feature endorsement rates. For example, we obtained predictions from the singledimension exemplar model by using the model to generate responses from 1,000 simulated participants. For each simulated participant, a single dimension was chosen randomly and all attention weight was placed on this dimension. The model was then used to predict the endorsement probabilities for each of the stimuli in the categorization transfer phase. Let p denote the predicted probability with which a given stimulus is endorsed. (Note that this predicted probability will differ depending on whether the attended feature is present or absent.) To simulate the response, a random number in the interval (0,1) was selected. If the random number was less or equal to p, then an endorsement response was chosen; if not, a nonendorsement response was chosen. Finally, we conducted the Reed et al. (1999) analysis on these simulated data.
The results are shown in Table 4 .6 As can be seen, the single-dimensional model predicts that the most frequently endorsed feature is endorsed with a probability of .812, whereas the least frequently endorsed feature is endorsed with a probability of .563. The predicted endorsement probabilities for the remaining features decrease regularly from the most frequently endorsed feature to the least frequently endorsed one. This pattern of results is similar to the one observed by Reed et al. ( 1999) .
The reason that the single-dimension model predicts that even the most frequently endorsed feature has an endorsement rate below 100% is that the exemplar model uses a probabilistic response rule (Equation 3). Thus, even if an observer attends to information from just a single dimension, the information from that dimension \ I I does not result in a deterministic response. More interesting, the single-dimension exemplar model can predict that even the least frequently endorsed feature has an endorsement rate greater than chance (50%) because the dimension values in the set of test stimuli used by Reed et al. (1999) are highly correlated. For example, if Dimension 1of an object has a value that is consistent with the category, it is likely that the remaining dimensions do as well, and vice versa. Thus, if an observer endorses a pattern because its Dimension I value points to the category, the observer is likely making a response that is consistent with the values on the remaining dimensions as well. Although the results in Table 4 provide an example involving only a single-dimension version of the exemplar model, the same pattern is obtained when the two-, three-, and four-dimension versions are used to simulate the participants' responses. Thus, the single-feature analyses reported by Reed et al. (1999) provide converging evidence in favor of the low-dimension versions of the exemplar model rather than in opposition to them.
EXPERIMENT 2
To provide further evidence that separate memory systems mediate categorization and recall/recognition, Reed et al. (1999) reported data from a densely amnesic single subject, E.P.,with extensive damage to the medial temporal lobe. The intriguing aspect of E.P.'s performance is that although E.P. showed zero ability to recall the dimensions, he performed at the same levels as controls in the categorization task. More precisely, in Experiment IA of Reed et al.'s study, E.P. displayed an inverted pattern of responding in which he consistently endorsed nonmembers of the category and rejected category members. Thus, E.P.discriminated among the item types, but confused which end of the feature continuum represented category members versus nonmembers.
To address the concern regarding E.P.'s inverted response profile, in a second experiment Reed et al. (1999) tested E.P. with a new set of stimuli that included only a single category endpoint as well as neutral items. Reed et al. reasoned that E.P.would be able to perform this categorization task correctly because he would not need to remember which end of the feature continuum to endorse. In accord with this prediction, E.P. did show the correct pattern of endorsement in this experiment. Taken together, Reed et al. interpreted these results as strong support for the existence of separate memory systems for categorization and recognition/recall.
However,as we have already demonstrated, observers can perform these categorization tasks by attending to only a small subset of the dimensions of the objects and responding consistently on the basis of these dimension values. In the extreme, E.P. could categorize the test stimuli on the basis of a single dimension. This response strategy would yield performance levels as good or better than the ones that Reed et al. (1999) observed. Although Reed et al. considered this possibility, they rejected it on the grounds of the single-feature analysis that we described earlier in this article. However, as we have explained previously, the low-dimension versions of the exemplar model predict the results of the single-feature analyses conducted by Reed et al. Given that E.P. could not recall any of the features of the training stimuli, one might question whether he would have sufficient memory to use even a single-dimension value as a basis for classification during test. Our hypothesis, however,does not require any long-term memory of the dimension values experienced during training. All that is required is that E.P.continually recycle in his short-term working memory his use of a single-feature strategy at time of test. (Note that E.P. would need the same type of working memory in order to simply follow the experimental instructions.) Indeed, the inverted response profile that E.P. displayed in Reed et al.'s (1999) Experiment IA is highly consistent with the idea that he used a low-dimension response strategy without memory for the feature values experienced during training.
It is true that E.P.reversed his pattern of endorsements in Reed et al.'s (1999) Experiment 2. However, these results involving E.P.and the direction of endorsements involve a sample size of I. The reliabilityof the phenomenon is unknown. According to a single-feature hypothesis, there is a 50% chance that E.P.would go in either direction. Moreover, in the design of Reed et al.'s Experiment 2, the base rate of category features exceeded the base rate of noncategory features. Conceivably, this difference in base rates may increase the likelihood of observers making feature endorsements in the right direction, even in the absence of any long-term memory for the features experienced during training.
The purpose of the present Experiment 2 was to test the idea that even with no exposure to the original training instances, numerous participants would exhibit categorization behaviors that were similar to the behaviors displayed by E.P. in Reed et al.'s (1999) tasks. To achieve this goal, we employed a mock subliminal training procedure similar to the one used by Palmeri and Flanery (1999) in an earlier investigation of E.P.'sbehavior. Participants were led to believe that they had been subliminally shown various members of a category, when in fact they had seen no study items. Following this phase, we tested the participants in a transfer test with the same design as that used in Experiment 2 of Reed et al. (1999) . The participants' task was to decide for each test item whether it was a member of the category of previously displayed items. The key question was whether, even with no exposure to the training instances, participants would respond with a typicality gradient similar in form to those observed for E.P. in Reed et al.'s tasks. If E.P.'s performance falls within the range of performances of participants who have had no prior experience with the training items, this result would imply that E.P. may not have had any long-term implicit memory for the training items. It would also lead one to question the need to posit separate memory systems for categorization and recognition/recall.-
Method
Participants. Thirty-seven IndianaUniversityundergraduate and graduate students were paid $5 for participating in the experiment. The students were unaware of the issues under investigation in this study.
Stimuli. The stimuli consisted of the same kind of cartoon animals used in Experiment 1. The test consisted of 60 items. There were 12 instances of the prototype, 24 low distortions, and 24 neutral animals.
Procedure.
The experiment consisted of a mock subliminal training phase followed by a transfer test similar in form to the one used in Experiment 2 of Reed et aL's study. On each trial in the mock subliminal phase, participants saw a fixation point followed by a blank screen. Participants were told that we were testing their subliminal perception of cartoon animals that were very briefly flashed on the screen. In the transfer phase, participants were given a test that was conceptually similar to the test used in the transfer phase of Reed et aL's Experiment 2. The participants were instructed to guess whether they believed each animal was a Peggie or not. The instructions read in part as follows:
For each animal, simply guess whether you believe it is a PEGGLEor not. Obviously, you will have no conscious recollection of the cartoon animals, so you will need to rely on various forms of unconscious information to perform the task-gut instinct, a sense offamiliarity, and so forth.
In addition, participants were informed that if they scored significantly above chance in deciding category membership, they would be paid a bonus of$5. The order of test items was randomized for each participant.
Results
We divided the participants into three groups according to their overall accuracy in the transfer phase. Assuming random responding on each item, chance accuracy is 50%correct. Assumingbinomialvariability,on .3 .4 .5 .6 .7
Probability Correct
.9
the basis of 60 observations, the total probability of an observer scoring greater or equal to 39 correct responses (65% correct), or less than or equal to 21 correct responses (35% correct), is .027. Thus, we consider participants who scored at these levels to have performed significantly differently from chance, and we will refer to them as "learners." Of the 37 participants in our study, there were 23 learners. (Assuming binomial variability, the probability of observing this many learners by chance alone is less than 3.54 x 10-27.) Fourteen of the learners used the category labels correctly, whereas 9 used reversed category labels, generally endorsing only nonmembers of the category. Figure 6 gives the overall distribution of accuracy in the test, with the performance of the learners indicated by the solid bars. For ease of comparison, E.P.'s performance in Reed et aL's (1999) Experiment 2 is indicated by the dotted line. The critical result is that E.P.'s accuracy level falls well within the range displayed by participants who had no prior exposure to the stimuli. Indeed, 54% of our participants displayed more extreme accuracy levels (i.e., levels differing more from 50%) than did E.P.7 Figure 7 shows the typicality gradient for the learners who used the reverse category labels, participants who were at chance, and learners who used the correct category labels. In addition, E.P.'s typicality gradient, reported in Reed et aL's (1999) ted. The typicality gradient for E.P. is quite similar to the gradient for those learners who used the correct category labels. In addition, the participants who consistently reversed the category labels showed a typicality gradient similar in form to the gradient that E.P.displayed in Reed et al.'s Experiment I.
Although the result is not statistically significant, it is suggestive that of the 23 learners, 14 used the correct category labels and only 9 used the reversed ones. As we noted earlier, in the present design, the base rate of category features exceeds the base rate of noncategory ones. Perhaps observers are sensitive to this difference in base rates in choosing which feature values to endorse. To the extent that E.P.'sswitch from an inverted typicality gradient in Experiment I to the correct direction in Experiment 2 is a reliable phenomenon, the feature baserate difference could be playing some role.
Discussion
Experiment 2 was aimed at investigating classification behavior in Reed et al.'s (1999) design in a situation in which the observers had no prior experience with the actual training instances (see Palmeri & Flanery, 1999) . The results indicate that a sizable portion of our sample performed similarly to E.P.in terms of their accuracy and their typicality gradients.8 We conclude, therefore, that E.P.'s performance could very well be a result of recycling a low-dimension classification strategy in his short-term working memory at time of test, without memory for the original training instances. E.P.'sclassification performance in Reed et al.'s design is therefore not diagnostic of the existence of multiple memory systems for categorization and recognition/recall.
GENERAL DISCUSSION
Summary
In summary, in a previous study involving object-like stimuli varying along discrete features, Reed et al. (1999) found that amnesic patients were significantly impaired in recalling the features, but learned to categorize the object-like stimuli as well as controls. They in- terpreted this dissociation as supporting multiple-system models in which an explicit memory system is responsible for recall/recognition, whereas an implicit memory system governs categorization. The goal of the present article was to demonstrate the plausibility of a singlesystem approach to explaining the dissociation between categorization and explicit memory performance exhibited by amnesics and matched controls in Reed et a!.'s study. Our key point is that good performance in Reed et a!.'s categorization task can be achieved by retaining information from just a small subset of the dimensions that compose the objects. By contrast, adequate recall or recognition performance requires retention of information from most of the multiple dimensions. Thus, in Reed et al.'s task, a general impairment in the operating characteristics ofa single memory system is more likely to be detrimental to recall or recognition than to categorization. There is no need to posit that separate memory systems govern the two types of tasks.
We provided several lines of evidence in support of the single-system hypothesis. The first line of evidence was indirect. Using Reed et al.'s (1999) stimuli and category structure, we measured normal participants' recognition and categorization performance in an immediate test and after a week's delay. Whereas the week's delay caused a major deficit in old-new recognition performance, categorization accuracy remained essentially intact. Although the amnesic group in Reed et al. and our delayed group are undoubtedly qualitatively different in various ways, the general pattern of results across the two experiments was identical. This pattern follows naturally from the idea that the old-new recognition task makes high demands on memory, whereas the categorization task does not. More important, we conducted detailed formal modeling analyses of the obtained categorization data. These analyses provided support for the hypothesis that participants did indeed use only a limited subset of the dimensions that composed the objects when making their classification decisions. Models that assumed attention tojust three (or even fewer) dimensions provided good quantitative fits to the individual participant data. Furthermore, the quantitative fits of these low-dimension models could not be distinguished statistically from a model that allowed attention to all nine dimensions of the objects.
Previously, Nosofsky and Zaki (1998) accounted for dissociations between categorization and recognition in amnesics and normal controls by positing that amnesics had a lowered level of memory sensitivity-that is, a reduced ability to discriminate between distinct items in memory. The present account of categorization-recognition dissociations placed emphasis on the differential attentional requirements of the two tasks. The reason that different formal parameters (memory sensitivity vs. attention weights) were emphasized in these explanations is that the nature of the stimuli across the two tasks was vastly different. In the tasks considered by Nosofsky and Zaki, participants categorized and recognized dot-pattern stim-,'" t I uli. Such stimuli are not organized into highly discrete, separable dimensions, but rather are perceived as unitary wholes.The memory-sensitivityparametergovernsthe extent to which participants can discriminate among such holistic stimuli. By contrast, in the present study, the stimuli were composed of highly discrete, separable dimensions. Selective attention to individual dimensions plays a major role in the processing of such stimuli, and so the present analysis placed emphasis on the role of the attention weights instead. We believe it is plausible that in situations involving highly separable dimension stimuli, a major memory impairment would reduce an observer's ability to simultaneously retain information from multiple dimensions.Ẽ vidence From a Densely Amnesic Patient Data from a severely amnesic patient (E.P.) with extensive damage to the medial temporal lobe have been used to seriously challenge the predictions of a singlesystem approach (Squire & Knowlton, 1995; Squire & Zola, 1996) . For example, using the dot-pattern paradigm, Squire and Knowlton demonstrated that E.P.could not discriminate between old and new exemplars in a recognition task but performed normally on a categorization task. Similarly, in Reed et a!. (1999) , although E.P.could not recall any of the features of the stimuli, he could discriminate between category members and nonmembers (although not always assign the correct labels to these two classes of stimuli).
However, even these striking dissociations between categorization and recognition/recall can be explained within a single-system framework if one considers differences in the requirements of the two tasks. First, consider the Squire and Knowlton (1995) results. Nosofsky and Zaki (1998) pointed out that in the dot-pattern paradigm of Knowlton and Squire (1993) there were frequent presentations of category members at the time of test. They reasoned that if E.P. had even a small amount of residual exemplar-based memory from the training phase, these frequent presentations of the category members could serve to redintegrate this knowledge. The same type of short-term memory that allowed E.P.to follow the instructions for the task could allow E.P. to recycle his knowledge of the category structure. In contrast, no such strategy would be successful for the recognition test, because the individual old patterns bear no resemblance to one another. Indeed, in an elegant demonstration, Palmeri and Flanery (1999) reported that participants could perform Squire and Knowlton's categorization task without any exposure to the training instances. Apparently, participants can use the similarities of the items presented during the testing sequence to infer the category structure. However, with no exposure to the recognition training items, Palmeri and Flanery's participants were at chance in the recognition task.
Analogously, in Experiment 2 of the present article, we used the same procedure as did Palmeri and Flanery (1999) and found that many participants discriminatedamong category members and nonmembers at levels as high as did E.P.Furthermore, these individuals displayed typicality gradients for the test instances of the same form as the gradients observed in Reed et al.'s (1999) study. In other words, without any exposure to the original training instances, participants could perform well on the Reed et a\. categorization task. (Like E.P., however, although these participants discriminated between category members and nonmembers, they did not always assign the correct category label to the two classes of stimuli.) These results bring into question whether E.P. did indeed have any long-term implicit memory for the original training instances. Therefore, we conclude that E.P.'sperformance in Reed et al.'s tasks is not diagnostic of the existence of separate memory systems for categorization and recognition/recall.
Evidence for a Double Dissociation
Much of the strength of the separate-systems argument depends on data that form a double dissociation. Whereas amnesic patients show intact categorization and impaired recognition, Parkinson's disease (PD) patients have demonstrated the mirror dissociation with intact recognition but impaired categorization. These results were observed in a probabilistic classification paradigm (Knowlton, Mangels, & Squire, 1996; Knowlton et a\., 1994) in which participants learned to classify stimuli that varied on four binary-valued dimensions into two categories. Each of the four dimensions of the stimuli was associated probabilistically with the category. Amnesic participants performed at normal levels during the first 50 trials of this task, although the control participants showed a clear advantage in later training. Critically, the PD patients, who displayed good memory on a recall task, were impaired during the early stages of training, although their performance was similar to that of the amnesic group in later stages of training. Nosofsky and Zaki (1998) noted that a number ofpossible deficits in the PD group other than an impaired category representational system could give rise to these results. To ilIustrate the effects of one such possibility, Nosofsky and Zaki simulated a group that used a suboptimal probability matching strategy to perform the task. Whereas a lowered memory sensitivity parameter was sufficient to replicate the results for the amnesic group, a lowered response-scaling parameter was sufficient to account for the early training deficit demonstrated by the PD group.
There is now converging evidence that a factor other than an impaired categorization system may have been responsible for the PD patients' performance deficit in Knowlton et al.'s (1994; Knowlton et a\., 1996) probabilistic classification learning task. In particular, recent studies have demonstrated that PD patients perform normally in other categorization tasks. For example, Reber and Squire (1999) showed that PD patients performed at normal levels in the Knowlton and Squire (1993) dotpattern task as well as in an artificial grammar-learning task. Therefore, although PD patients may show deficits in categorization, these deficits appear to be limited to particular paradigms. Therefore, it appears that the generality of the double dissociation involving PD patients may be limited. We acknowledge, however, the more complicated possibility that there are multiple category representation systems, only some of which are impaired by PD (e.g., Poldrack, Prabhakaran, Seger, & Gabrieli, 1999; Reber & Squire; Reber, Stark, & Squire, 1998; Smith, Patalano, & Jonides, 1998) . Future research is needed to test these alternative possibilities.
Conclusions and Future Research
In general, we believe that to provide clearer evidence that categorization and recognition are governed by separate representational systems, investigators will need to vary parametrically the overall difficulty of the categorization tasks that are tested. If the categorization task is simply easier than the recognition or recall tasks, then even single-system models can predict an observed dissociation between categorization and explicit memory performance. Amnesics may perform well on some particular categorization task simply because it makes small demands on overall memory resources.
In an attempt to study performance of amnesic patients on a more complex categorization task, Filoteo, Maddox, and Davis (200 I) trained amnesics and controls on a perceptual categorization task involving stimuli that consisted of horizontal and vertical lines of varying lengths connected in one comer. The category was defined by a complex quadratic rule. Filoteo et a\. observed that accuracy for the last block of trials was comparable for controls (85%) and 2 amnesics (84%). These results appear to support the idea that amnesics are able to learn a complex nonlinear categorization rule. However, Filoteo et a\. noted that a simple strategy could have been adopted by participants to determine category membership in this task. The category was constructed so that if the two lines of the stimulus were approximately equal (or looked like part of a square), the item generally belonged to Category I. If the two lines were unequal (or looked like part of a rectangle), the stimulus generally belonged to Category2. Filoteoet a\. reported someanalyses indicating that a highly simplified model based on shape failed to account fully for their data. However, Flanery, Palmeri, and Schaper (2001) demonstrated that if the same abstract category structure was mapped on another stimulus domain, one in which the two dimensions could not be easily integrated, participants performed dramatically worse. These results suggest that participants in the Filoteo et a\. study may indeed have used a simple shape rule to complete the categorization task.
Clearly, further research is needed to test whether performance of amnesics might suffer in more difficult categorization tasks. To begin to address the possibility, Zaki, Nosofsky, Jessup, and Unverzagt (2001) have tested patients who were diagnosed as likely being at the early stages of Alzheimer's disease. Their results indicated that although these patients showed the classic dissociation pattern observed in the Knowlton and Squire (1993) paradigm, a more challenging dot-pattern paradigm demonstrated a categorization deficit for this memory-impaired group. It would be interesting as well to test amnesic patients on more challenging categorization paradigms that involve object-like stimuli such as those used by Reed et al. (1999) . OTES I. These estimates are based on calculations performed on a new set of stimuli constructed according to the specifications outlined in Reed et al. ( 1999) . Minor differences in these estimates may exist across stimulus sets but would be exceedingly small.
2. An anonymous reviewer suggested that because the instructions listed the dimensions of the stimuli. we might have predisposed participants to use a small number of dimensions in the task. To address this possibility we tested 10 new participants in the task with instructions in which the dimensions were not listed. The general pattern of results did not differ from the one reported in this article.
3. We computed the d'values for individual participants by converting the proportions of 0 and I to 1/(2N) and I -1/(2N). respectively (Macmillan & Creelman. 1991. p. 10) .
4. Specifically, we searched for the parameters that maximized the log-likelihood function In L = r In Ni! -U In/,/ + rr In/,j InPi)'where
Ni is the number of times that stimulus i was presented. /'j is the observed frequency with which stimulus i was classified into category j.
and Pij is the predicted probability of stimulus i being classified into category j. Note that in the present case, there are two "categories"-endorsed and nonendorsed.
5. The method oflikelihood ratio testing is used to ascertain whether a restricted model that is nested within a full model fits the data significantly worse than the full model. Let In L, denote the log likelihood measure of the full mode] and In L. denote the log likelihood measure of the restricted model. Then the quantity 2(1n L, -In L.) is distributed as a chi-square random variable with degrees of freedom equal to the number of parameters constrained in moving from the full model to the restricted one. If this quantity exceeds the critical value of chi square. then at least one of the extra parameters in the full model is warranted. Note that in the present application. the exact difference in the number of free parameters between the full model and a particular restricted version is difficult to determine. The reason is that the zero-weighted dimensions in the restricted model are not chosen a priori. Nevertheless. we assume that the difference in the number of dimension weights used in the two models being compared provides a good approximation to the degrees offreedom in the chi-square test.
6. The version of the model illustrated here assumed c =2 and y= 3.
With y= I. there is too much noise in the decision process. and so the least frequently endorsed feature has an endorsement probability close to chance. The two-and three-dimension models. however. predict the qualitative pattern of results even with y= I.
7. One possibility raised by a reviewer is that although participants in the mock subliminal task had no memory for the unseen training items, they may have uscd their memory of the test items during the transfer task. However. because E.P. could not form any lasting memory of the test items, he would have access only to these items to the extent that he could keep them in his working memory. Although any information used in the transfer test must have been gleaned from the transfer test items. it does not appear that our participants benefited from continued exposure to the test items. For example, the learners performed similarly in the first 10 trials (mean absolute difference from .50 was .24) and the last 10 trials in the transfer test (mean absolute difference from -.50 was .22) [t(22) = 0.71,p > .10] . Therefore, even in the early stages of the transfer test, participants with no prior exposure to the stimuli achieved accuracy levels similar to E.P.'soverall performance.
8. The results of our Experiment 2 may not be very different from a similar one reported by Reed et al. (1999) . These researchersalso tested participants' ability to classify during the test phase without providing a study phase, although they did not use a mock subliminal training procedure (see Reed et aI., Experiment 18) . The main result they reported was that, when averaging across the results from the 7 observers they tested, a flat typicality gradient was produced (see Reed et aI., Figure 4) . That is, on average, the observers endorsed each type of pattern with the same probability. However, if some of the individual participants had produced an increasing typicality gradient, and others had produced an inverted decreasing one, then averaging across all observers would make the typicality gradient look flat. Indeed, Reed et al. (p. 416) acknowledged that analyses of their individual participant data suggested that 4 of their 7 participants had adopted a single-feature strategy and that these participants produced endorsement patterns similar to those from their Experiment IA.
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